Gradually developing climatic and weather anomalies due to increasing concentration of atmospheric greenhouse gases can pose threat to farmers and resource managers. There is a growing need to quantify the effects of rising temperature and changing climates on crop yield and assess impact at a finer scale so that specific adaptation strategies pertinent to that location can be developed. Our work aims to quantify and evaluate the influence of future climate anomalies on winter wheat (Triticum aestivum L.) yield under the Representative Concentration Pathways 6.0 and 8.5 using downscaled climate projections from different General Circulation Models (GCMs) and their ensemble. Marksim downscaled daily data of maximum (TMax) and minimum (TMin) air temperature, rainfall, and solar radiation (SRAD) from different Coupled Model Intercomparison Project GCMs (CMIP5 GCMs) were used to simulate the wheat yield in water and nitrogen limiting and non-limiting conditions for the future period of 2040-2060. The potential impact of climate changes on winter wheat production across Oklahoma was investigated. Climate change predictions by the downscaled GCMs suggested increase in air temperature and decrease in total annual rainfall. This will be really critical in a rainfed and semi-arid agro-ecological region of Oklahoma. Predicted average wheat yield during 2040-2060 increased under projected climate change, compared with the baseline years 1980-2014. Our results indicate that downscaled GCMs can be applied for climate projection scenarios for future regional crop yield assessment.
Introduction
Wheat (Triticum aestivum L.) is a primary staple crop worldwide, with a projected global production of ~740 million metric tons in 2017 [1] . According to the 2017 estimates of the United States Department of Agriculture (USDA), the U.S. ranks fourth in wheat production by country with a projected production of 49.64 million metric tons. The southern Great Plains of the U.S. (Kansas, Oklahoma, and Texas) accounts for ~30% of the U.S. wheat production, producing 18.8 million metric tons of winter wheat per year from an area of 7.5 million hectares [2] . Achieving sustainable and equitable food security and profitability of crop production in future relies on better understanding of climate and changes in greenhouse gas concentration [3] . In North America, wheat production is expected to decrease or cease in the southern latitudes and geographic shifts in production in the northern latitudes are more likely to occur [4] .
Atmospheric CO 2 concentrations recorded at Mauna Loa, Hawaii show an increasing trend for CO 2 . Initially measured at 313 ppm, now at the time of writing this paper the atmospheric concentration has crossed 408 ppm (https://www.esrl.noaa.gov/gmd/ccgg/trends/). Increased emissions of anthropogenic greenhouse gases over the last few decades have exacerbated the situation causing increase in temperature and more frequent and severe weather events over larger spatial domain [5] . Climate variability and extremes have multifold consequences and damage the economy as well as natural systems, and could result in pronounced deleterious impacts on food security in less developed regions of the world.
General Circulation Models (GCMs) encompass state of the art knowledge and utilize the most advanced mathematical models currently available representing physical processes of the planet. They are used to understand how the global climate dynamics responds to increasing greenhouse gas concentrations. The GCMs describe the climate on a three-dimensional grid, with a resolution anywhere from 250 -600 km. However, there is a mismatch between the temporal and spatial footprint of the GCM data and data required to run process-based crop models [6] . Therefore, in order to reliably assess climate change impact at finer resolution, downscaling is required on relevant meteorological variables. Several downscaling approaches are available, which can be broadly classified into statistical downscaling and dynamic downscaling. Dynamic downscaling method nests regional climate model (RCM) into the GCM to represent a given boundary forcing but are computationally very expensive.
Statistical downscaling methods are seen as alternative to dynamic downscaling methods for they use empirical relationships established between large-scale and fine-scale variables using historical data [7] .
Several uncertainties limit the predictability of future climate. Therefore, for a better understanding of climate trajectory in future, different sets of Global Circulation Models and Representative Concentration Pathways are explored to obtain a wider range of conditions while assessing the climatic conditions. Inter (Figure 1 ). Current and past anthropogenic greenhouse gas emissions along with natural climatic variability are likely to cause an increase in global surface temperature by 3˚C -6˚C for RCP6.0 and RCP8.5 by 2100 [8] .
Several studies have shown that rising temperatures affect crop production negatively, due to shortened growing season and decreased photosynthate accumulation in plants [9] [10]. In addition, a meta-analytic summary [11] indicated CO 2 fertilization effect to be lower than expected on C3 crops and little to no effect on C4 crops. In case of wheat, exposure to higher temperature extremes has been linked to accelerated growth, shorter growing season, and reduced yield [12] . Increase in ambient temperature singly or in combination of drought during reproductive and grain-filling phase in wheat, decrease grain yield and the protein content [13] [14] . Since 1980, warming in Bangladesh and India is considered to have reduced wheat yields by approximately 20% of their average trend [15] . In the Southern Great Plains of the U.S., Oklahoma and Texas have lower and more variable wheat yields than in the rest of the U.S. [16] . Agricultural production in this region has always been challenged by climate. The situation gets exacerbated due to frequent drought as evapotranspiration exceeds the amount of rainfall. In addition, over the years the ratio of harvest-to-planted ratios in this region is also declining as the wheat fields get abandoned after being used as pasture because part of the crop used as pasture turn out to be more profitable than growing the crop for grain [16] . Since wheat is vital for the southern Great Plains of the U.S. for its impact on the local economy and food 
Materials and Methods

Study Area
The study area is Mesonet locations in Oklahoma ( Figure 2 
Crop Simulation Model
For wheat yield simulation, we used the well-established DSSAT-CERES-Wheat of our interest. The DSSAT CERES-Wheat is a preferred crop model in simulating winter wheat growth at field scale in semi-arid condition [27] . This processbased model is able to account for the effects of climate, crop genetics, soil, and agronomic practices on crop phenology and growth.
Same management options and inputs used for baseline simulations were used for future yield projections. Simulations for winter wheat were carried out using the sequential simulation option and adopting the continuous winter wheatsummer fallow field management option. Wheat was planted in October and harvested at physiological maturity, and was immediately followed by summer fallow. The fallow period was ended a day before the planting of the crop.
Soil Data
The DSSAT CERES-Wheat requires data on soil physical and chemical properties such as soil color, horizon depth, wilting point, field capacity, bulk density, organic carbon content etc. Information on soil properties for the 77 locations was acquired from the gridded Soil Survey Geographic Database (gSSURGO).
For each Mesonet station location, dominant soil type for the county was chosen 
Climate Data
Baseline Climate Data
Robust crop yield prediction can be performed when the crop simulation is driven by long term (>30 years) daily weather data. Crop modeling system to analyze crop yields and examine future climatic impacts on a regional level requires detailed weather data on a daily basis on a higher temporal and/or spatial resolution. For baseline weather data, two data sources were used, Daymet [28] and the Oklahoma Mesonet [29] . The Daymet weather data were downloaded in the form of tarred netCDF tiles for the state of Oklahoma. Values for weather variables, minimum and maximum temperature, rainfall, and incident solar radiation, and day-length from 1980-2014 were extracted at the Mesonet site locations. Information on day length was acquired to convert the incident shortwave radiation flux density (Wm −2 ). Since the establishment of the Oklahoma Mesonet was initiated during the mid-90s, the Mesonet does not meet the requirements for creating a complete baseline data (>30 years). Therefore, the missing data for each of the Mesonet sites was acquired from its closest National Weather Service (NWS) Cooperative Observer Program (Coop) weather station. As the NWS Coop stations do not measure solar radiation, solar radiation was estimated using RadEst 3.0 [30] . Climate summary files were generated using a python script that produces climate summaries for the 77 sites for both Daymet and Mesonet data. Weather data were processed and adapted to the requirements of the weather input files (*.WTH) for the DSSAT model.
Generating Future Daily Weather Data
Regional Climate models have limited applicability because of the computational time involved for properly assigning boundary conditions to a finer-scale weather phenomena [31] . One way to address the issue of inherent uncertainties within the GCMs is to create multi-model ensembles as they overcome the limitations of any single model [32] . Multi-model ensemble averages are found to outperform individual models when tested for the historical period [33] . In addition, they also help distinguish the variability between the models and the uncertainties of future climate [34] . Outputs of 4 GCMs, their ensemble, and ensemble of 17 GCMs were linked to DSSAT to account for the uncertainty of climate projections. Detailed information on forcing data can be found on the [38] . Marksim generated data were also used in studying future No bias correction with respect to the baseline climatology were applied to the downscaled GCM data. 
Model Inputs
Computational Requirements
There were total of 1080 individual runs for 1617 locations-years, which in- 
Model Evaluation
Model performance was evaluated by comparing simulated and the USDA-NASS reported winter wheat yields for the entire 35-year period. Wheat yield was investigated across the state at a fine resolution using the DSSAT-CERES Wheat model and the outputs of 4 GCMs, their ensemble, and ensemble of 17
GCMs under RCP6.0 and RCP8.5 scenarios. We used two different baseline datasets, one derived from the Oklahoma Mesonet and the other from DAYMET dataset. Considering data source, GCMs, forcing scenarios, and yield scenarios, 
Results and Discussion
The crux of this manuscript is to assess how the DSSAT-CERES-Wheat crop model predicts wheat yield and yield changes when the model is driven by different downscaled GCMs and their ensembles across two different RCPs. Fewer studies have assessed wheat yield performance on such a finer scale. Hence, the result and discussion section will mostly focus on the differences between the projected yield changes compared with the baseline scenario yield rather than crop phenology and physiology.
Projected Climate Change
Both baseline data looked similar in distribution (Table 2) . However, the distri- Table 3 .
Percent changes of average annual rainfall, solar radiation, maximum temperature, and minimum temperature relative to the baseline climate. On average, for RCP6.0 forcing, across the different GCMs, Daymet generated projection show 17.72% ± 1.24% decline in average total rainfall amount while Mesonet generated projection show 26.7% ± 1.24% decline in average total rainfall amount relative to their baseline values. Likewise, for RCP8.5 forcing, average total rainfall is expected to decline by 16.84% ± 1.77% and 25.70 ± 1.42 using Daymet and Mesonet data respectively.
In case of SRAD, the values are projected to decline at a range of 3.15% - (Table 4) .
Future Wheat Yield Simulation
There is a consistency in the projected winter wheat yield between the GCMs.
Across all the yield scenarios and under the forcing scenarios of RCP6.0 and RCP8.5, MRIOC5 consistently has the lowest yield. explains the weather pattern better in this region.
Comparison of seasonal cumulative rainfall and crop evapotranspiration averages across all the site, years showed that most of the instances, evapotranspiration values were always less than rainfall across all the downscaled GCM weather data, radiative forcings, and baseline data sources (Table 5) (Table 6 ). This could result from increase in temperature stress. As the crop senses stress, it is more likely to shorten its life cycle, causing an undesirable increase in wheat grain protein content [13] [14] .
Results from our simulation are similar to those reported by [40] . Using the downscaled data from the Regional Climate Models CanESM2 and CANRCM4
and DSSAT-CERES-Wheat model, they report an increase in spring wheat yield between 10% and 20% averaged across the Canadian Prairies. However, yield in [42] . Likewise, uncertainties in our study reside in the prediction of the climate models used, location of site used for simulation, and simulation output of the DSSAT model. Management practices, fertilizer inputs, and cultivar were set constant and were not changed from our baseline simulations. Therefore, the results may not hold under similar climatic conditions. We also need to stress that these simulations do not take into account of pests and disease potentials, and loss due to natural calamities such as flooding. The idea of using scenarios is not to predict future but to better understand the uncertainties for judicious decision making for a range of future conditions. In our study, we chose only two scenarios to work with because of computational and storage resources and time limitations. However, we should also keep in mind that the greater proportion of uncertainty in climate change impact assessment has been credited to variations among crop models rather than variations among the downscaled GCMs [43] . Our objective was not to compare the differences between the crop models, but to examine the yield differences across future climate projection based on the downscaled GCMs and their ensembles.
Although simulations suggest yield increase, further study is required to examine how soil quality and additional challenges of pest, irrigation, soil degradation, etc. may impact sustained crop production on a regional level. Also, study must verify if lodging may become issue for Y a and Y p scenarios. We only examined the annual mean data across the sites, however, the crop is sensitive to fluctuation in weather variation depending on the growth stage. Water availability for crop production in future is also uncertain, therefore, crop production with less water can be problematic if the temperature is also hotter. Since Marksim is an example of a stochastic, statistical downscaling method, with low input 
Conclusion
This paper describes a methodology for rapid synthesis of GCM-based, spatially explicit, high resolution future weather data inputs for the DSSAT crop model, for cropland area across wheat growing regions of Oklahoma on a seamless temporal scale. We examined how climate change may impact regional food security using a "bottom-up" approach. Most previous studies have focused on how climate change influence crop yield at regional and/or national levels. This study is a marked advance in the compilation of high resolution dataset, as such data offers tremendous opportunity to quantify future yield status for other crops within the region. With advancement in climate models in term of their fidelity in simulating natural processes and generating reliable output at higher spatio-temporal scales, we would be able to better assess the magnitude of the impact of climate changes on crop production and its societal impact. Based on our experience in implementing simulations for multi decadal, fine-scale study, we argue that a good understanding of scientific computing along with crop science and physiology is extremely helpful from crop modeling perspective.
Focus on replicability, transparency, and code efficiency are seldom discussed in the literature. We believe that addressing these aspects is also of significance importance for advancement in crop modeling. Therefore, we conclude that by minimizing the yield gap with improved crop husbandry, increased input efficiency for water, nutrients, and pesticides, along with improved wheat cultivars, and sustainable production practice, wheat production in this region can be sustained for changing climate to meet the nutritional demand of people in years to come.
